where l ij corresponds to the four terms in (A4). Finally, b is found by maximizing a pro le likelihood, L(t; j ; b !( )) as de ned by equation (4). E-step: To implement an EM algorithm, we need to compute the expectation of the (A4), with respective to the conditional distribution Uj(t; ; X). Speci cally, we need to calculate E(U ik ). The general results of Petersen et al. (1998) can be used to obtain these expectations. Again we drop the family index in the following calculation. The conditional distribution of each U i given the observed data is a complicated gamma mixture. The moments of these conditional distributions are, easily calculated by adding one to the appropriate l i in (A3) followed by division of a normalizing constant which is just the observed data likelihood function (A3). This is given by E(U i ) = M-step: For xed , the M-step consists of a maximization of E( P n i=1 l i ) over ! = ( 10 ; 20 ; ). The rst two terms, E( P n i=1 (l i1 + l i2 )), is in the form of the partial likelihood for the generalized Cox model
Then the MLE of the cumulative baseline hazards function 0 is the Nelson-Aalen estimator (Fleming & Harrington, 1991) and the MLE of is the estimate based on
Cox's partial likelihood (Cox, 1972 
Based on equations (A1) and (A2), and using for estimating the variance of the gamma frailty and also the regression parameters, suggesting a likelihood ratio based LOD score. Simulated data sets indicated that the proposed methods behave well and can potentially gain power in detecting genetic linkage. We also derived the conditional hazard ratio for the sib pairs who share di erent numbers of alleles IBD under this model and showed that this parameter is a function of ages of onset/censoring. Like the recurrence risk ratio parameter, we believe that the conditional hazard ratio plays an important role in dissecting complex diseases with variable age of onset. Further research along this line is warranted.
In this paper, we assume that the inheritance vector at a given location is uniquely determined by using the multiple markers surrounding this location. If this cannot be uniquely determined, we can calculate the probability distribution of the inheritance vector using the Hidden Markov model method of Lander & Green (1987) and Kruglyak et al. (1996) . Then we can take the expectation of A in the model (2) over the probability distribution of the inheritance vector. The EM algorithm can be easily modi ed for estimating the parameters and calculating the maximum likelihood and the LOD score. In addition, for mathematical and computational reasons, we used the gamma distribution to model the genetic frailties although methods for other distri-As a comparison, the NPL score from the GENEHUNTER is -0.12, with a p-value of 0.54. Both methods thus agree.
Example 2 (intermediate model)
We generate age of onset from an intermediate model with g = 30 for individuals who carry two disease alleles and g = 10 for individuals who carry one disease allele in model (6) (see Figure 3 for the corresponding survival curves). There are 25, 18 and 7 families with two, three and four a ected children, respectively. We rst simulate marker data tightly linked to the disease locus. The estimates of the parameters using the EM algorithm are presented in Table 1 . Under model (2) assuming linkage, the MLE of is b = 0:97, which corresponds to a conditional hazard ratio of 2.10 for sib pairs who share two alleles IBD. However, under the model (5) assuming no linkage, the MLE of is e = 2:52. This corresponds to a LOD score of 3.47, indicating a strong linkage. As a comparison, the NPL score from the GENEHUNTER is 2.25, with a p-value of 0.01. Although this p-value is signi cant, it provides less evidence of linkage than the LOD score statistic.
We then keep the ages at onset or censoring data unchanged, but generate another set of markers which is not linked to the disease locus. Under model (2) assuming linkage, the MLE of is b = 4:48, which corresponds to a conditional hazard ratio of 1.22 for sib pairs who share two alleles IBD. This implies a LOD score of -0.66, indicating no linkage. As a comparison, the NPL score from the GENEHUNTER is 0.02, with a p-value of 0.49.
DISCUSSION
Current ages of the parents are generated from a uniform distribution between 80 and 85. Current ages of the children are generated from a uniform distribution between 60 and 65. We choose the minimum of age at onset and the current age as the observed data. Individuals whose age at onset is greater than their current age are considered censored.
Example 1 (quasi-dominant model)
We generate age of onset data from a quasi-dominant model with g = 20 for a carrier of the disease allele and one for a non-carrier in model (6) (see Figure 3 for the corresponding survival curves). There are 20, 22 and 8 families with two, three and four a ected children, respectively. We rst generate marker data tightly linked to the disease locus with recombination faction of zero. Parameter estimates using the EM algorithm are presented in Table 1 . Under model (2) assuming linkage, the MLE of is b = 0:56, which corresponds to a conditional hazard ratio of 2.79 for sib pairs who share two disease alleles IBD. However, under model (5) assuming no linkage, the MLE of is e = 1:61. This leads to a LOD score of 11.25, indicating strong linkage.
As a comparison, the NPL score from the GENEHUNTER is 1.33 with a p-value of 0.09. For this data set, the NPL statistic failied to detect linkage, though our proposed method indicates a highly signi cant result.
We next keep the age at onset or censoring data unchanged, but generate another set of markers which is not linked to the disease locus. Under model (2) assuming linkage, the MLE of is b = 1:60, which is very close to the MLE under the model (5) assuming no linkage. The corresponding conditional hazard ratio for sib pairs who share two alleles IBD is 1.62. This gives a LOD score of -0.14, indicating no linkage.
for the dependence of age at onset among individuals within a family. Analogous EM methodologies and LOD score tests can be developed. In principle, the model can be extended to any number of loci, provided that there is an additive e ect on the hazard function among contributing loci.
EXAMPLES AND RESULTS
This section presents two simulated data examples to illustrate the method. One data set was generated from a quasi-dominant model, the other from an intermediate model.
Each data set includes 50 families with the same pedigree structure: two parents and four children with each family having at least two a ected children. Four di erent marker alleles are generated for the parents so that the markers are 100% informative.
Therefore the inheritance vector is uniquely determined from the markers.
We assume that there is one single disease gene with two alleles segregrating within each family in order to generate ages at disease onset. For each individual, the age at disease onset for individual with genotype g at the disease locus is generated from a Weibull model with cumulative hazard function
where g is the genetic relative risk ratio, c is the scale parameter and is the shape parameter. This model is a special case of a more general Cox proportional hazards model with major gene e ect. We set c = 90 and = 6 to generate the data sets. Figure 3 shows the corresponding survival curves for g = 1 (baseline), g = 10, g = 20, and g = 30, which correspond to median ages at onset of 85, 58, 51 and 48 years old respectively. which is the sum of the variances due to each of the two loci.
This additive model discussed here can be regarded as a variance components model for age of onset data. Unlike the variance-component linkage analysis methods for quantitative-traits (Goldgar, 1990; Schork, 1993; Amos, 1994; Blangero & Almasy, 1997) , frailty components are combined additively which act multiplicatively on the individual hazard rates. This both extends the ordinary survival analysis with its emphasis on hazard modeling and incorporates variance-component modeling to account the problem can be treated as a missing data problem with observed data (t; ) and missing data U = fU ij ; i = 1; ; n; j = 1; 2; 3; 4g. The EM algorithm (Dempster et al., 1977) can thus be used for parameter estimation (Nielsen et al., 1992; Petersen et al., 1998 taking the smallest value of 1 for a sib pair who shares no alleles IBD, and the largest value of 1 + 1= for sib pair who shares two alleles IBD. However, when = 1, i.e., when the variance of the gamma frailty, 1= , is zero, (t l ; t m ) = 1, independent of the number of alleles IBD at the location .
Likelihood, EM algorithm and LOD score
The likelihood L(t; j ) based on models (2) and (3) baseline hazard function 0 (t), maximizing the above likelihood is di cult. However, the mth sib was a ected and the unconditional probability of developing the disease in the population (Risch 1990) . This parameter plays an important role in determining the power of the a ected sib pair method (Risch 1990) . It is, however, important to note that for diseases with variable age of onset and age-dependent penetrance, the parameter S ignores both current age of individual l and the age of onset of sib m. For these diseases, a better measurement of familial aggregation is the conditional hazard ratio de ned as follows. Consider sib pair (l; m). Let (T l ; T m ) be the random variables of age of onset of l and m respectively, and de ne (t l ; t m ) = (t l jT m = t m ) (t l jT m > t m ) to be the conditional hazard ratio where (t l jT m = t m ) is the instantaneous probability of the lth sib having the disease at age t l given that the mth sib is a ected with disease at age t m and (t l jT m > t m ) is de ned similarly given that the mth sib is disease-free at age t m (Clayton 1978 , Oakes 1989 .
To relate the conditional hazard ratio, (t l ; t m ), with the number of alleles shared IBD, lm , and the variance of the gamma frailty, 1= , one can verify that Suppose there are n nuclear families, indexed by i = 1; ; n, each of which has n i children. We de ne some further notation. The subscript ik indicates the kth individual in the ith family, for k = 1; ; n i , i = 1; ; n. T ik is the age at onset, C ik is the censoring age, t ik =min(T ik ; C ik ), and ik = I(t ik = T ik ). The observed data are thus (t ik ; ik ). X ik is a p-dimensional vector of covariates which are independent of the genotype. Let (t; ; X) = f(t ik ; ik ; X ik ); k = 1; ; n i ; i = 1; ; ng. Let Z ik be the additive gamma frailties for each family constructed as equation (1), i.e.,
where U i = (U i1 ; U i2 ; U i3 ; U i4 ) and U i1 ; U i2 ; U i3 ; U i4 are independently and identically distributed as ?( 2 ; ) for i = 1; ; n.
Conditional on the individual-speci c gamma frailty Z ik , ages of onset are independent with hazard function for the ikth individual ik (tjZ ik ) = Z ik 0 (t) exp(X ik )
where 0 (t) is the unspeci ed baseline hazard function and is the vector of regression parameters corresponding to the covariate vector X ik . De ne = f 0 (t); ; g as the vector of parameters associated with models (2) and (3) where 0 (t) is the integrated baseline hazard function.
Conditional hazard ratio for sib pairs
The recurrence risk ratio, S , which is widely used as a measure of familial aggregation, is de ned as the conditional probability of developing disease for the lth sib given that 3,4) . The inheritance vector (Lander & Green, 1987; Kruglyak et al., 1996) of the sibship at the the locus is the 2k-vector V = (v 1 ; v 2 ; ; v 2l?1 ; v 2l ; ; v 2k?1 ; v 2k )
where for 1 l k, v 2l?1 = 1 or 2 and v 2l = 3 or 4. We can write this vector into an inheritance matrix, denoted by H = fh lj g j=1; ;4 l=1; ;k , where h lj = 1 if v 2l?1 = j or v 2l = j, and 0 otherwise. For any location , the L markers are used to determine the inheritance information at . Like Risch & Merikangas (1996) and Camp (1997), we assume that the sibs' identity by descent at any locus can be determined unambiguously. This assumption is plausible since the multiple markers are presumed to be so closely spaced that the four parental haplotypes are distinguished in any chromosomal region.
We rst generalize the additive genetic gamma frailty model of Korsgaard & Andersen (1998) 
MATERIALS AND METHODS
The additive genetic gamma frailty model for nuclear family data For simplicity, we consider only the nuclear family in this paper, with a father (F), a mother (M), and k children (O 1 ; ; O k ). Extensions to moderate-sized multigenerational families are straightforward. Consider a chromosomal region which may contain a disease susceptible (DS) gene at some unknown location and assume L polymorphic markers are typed in this region. Let be on a location (locus) in this region.
Rather than testing whether a speci c marker among the L markers is linked to a DS gene, we are interested in testing the hypothesis that a DS gene is at the location 6 The shared frailty model can be used for studying disease aggregation within a family, but it is not appropriate for modeling the dependence of ages of onset induced by gene segregation (Li & Thompson, 1997; Li et al., 1998) . Recently, the shared frailty model was extended to the litter frailty model (Petersen 1998a) , the correlated frailty model (Petersen, 1998b) , and to more general variance components models for survival data (Petersen et al., 1998) . These extensions can potentially be used to model more complex dependence structure within a family. None of these models though are based on any genetic theory and therefore still cannot be used to model the dependence due to gene segregation.
Another direction of extending the shared frailty model is to include a major gene and/or polygenic e ects in the Cox model (Gauderman & Thomas, 1994; Li & Thompson, 1997; Li et al., 1998; Siegmund & McKnight, 1998) . These models are suitable for segregation analysis of age of onset data. These models can be extended to include genetic markers, but like the traditional LOD score method, a speci c genetic model has to be assumed in order to use these models for linkage analysis of age of onset data (Li, 1995) .
Recently, Korsgaard & Andersen (1998) proposed the additive genetic gamma frailty model to model the dependence among family members where the random variables used in the construction of the frailties represent part of the genome a ecting frailties. They used Wright's (1922) coe cients of relationship in such a way that the variance-covariance structure among individual frailties is equivalent to the numerator relationship matrix of Wright times a variance. Compared to the shared frailty model and the correlated frailty models of Petersen (1998a Petersen ( , 1998b , this modeling scheme is a big step forward in realistically modeling age of onset data in the family. Li & Huang (1998) developed a semiparametric method for linkage analysis using psuedolikelihood to incorporate age of onset data. Although no speci c genetic model is required, their method is very computationally complex.
Inclusion of the age of onset in linkage analysis in the presence of censoring requires survival analysis modeling. In the biostatistics literature, the Cox proportional hazards model is widely used to model censored independent observations (Cox, 1972; Fleming & Harrington, 1991) . The model focuses on the hazard rate function rather than the distribution of failure time (e.g. age of onset). This model has enjoyed a widespread acceptance in biostatistical and epidemiological applications. This is due in part to the intuitively appealing interpretations of the hazard function as the instantaneous probability of developing the disease under study, but also because estimation and inference is mathematically feasible. However, the Cox model assumes independent observations. To incorporate the dependence of ages of onset within a family, the Cox model was extended to include a single shared frailty (random or latent variable) (Vaupel et al., 1979; Clayton & Cuzick, 1985; Oakes, 1989; Nielsen et al., 1992) .
INTRODUCTION
Parametric likelihood based linkage analysis and allele sharing based nonparametric methods are the two most commonly used tools to test for cosegregation of genetic markers with a disease. The parametric LOD-score method assumes a speci c mode of inheritance for a trait-causing gene and is most powerful when the assumed models are correct. However, it can be highly sensitive to misspeci cation of the linkage model (Clerget-Darpoux et al., 1986) . The nonparametric methods concentrate on a ected relative pairs or a ected family members (Weeks & Lange, 1988; Kruglyak et al., 1996) . These methods are based on allele sharing identical by descent (IBD) or identical by state (IBS) and involve testing whether the inheritance pattern deviates from expectation derived under the null hypothesis of no linkage. One of the most widely used nonparametric statistics is the NPL statistic implemented in the software package GENEHUNTER (Kruglyak et al., 1996) . The NPL statistic is based on the score statistic of Whittemore & Halpern (1994) which gives increasingly larger weight as the number of a ected individuals sharing a particular allele increases.
The problem of age of onset is important for linkage analysis using disease status data of both a ected and una ected individuals. For many complex diseases, studies have suggested that the disease genes in uence not only the occurrence of the disease, but also the age of onset (e.g., breast cancer (Claus et al., 1990) , prostate cancer (Carter et al., 1992) , Alzheimer disease (Meyer et al., 1998) ). In fact, a ected relatives with di erent ages of onset may be the result of di erent genetic etiologies and una ected relatives are censored at the time of study and may develop disease at later ages. For LOD score methods, a number of studies (Morton & Kidd, 1980; Haynes et al., 1986) 3 SUMMARY Age of onset is a key factor in the linkage analysis of many complex diseases. Current methods in nonparametric linkage analysis are mainly concentrated on the a ected relative pairs or a ected family members with age of onset information either ignored or taken into account by specifying age-dependent penetrances for liability classes. On the other hand, gamma frailty models were developed in the biostatistics literature to model familial aggregation of age of onset. However, these frailty models cannot be used directly for linkage analysis. This paper extends the gamma frailty model by incorporating inheritance vector information and provides a semiparametric approach for linkage testing. For a given inheritance vector at the putative disease locus, we construct an additive genetic gamma frailty for each individual within a nuclear family and use the Cox proportional hazard model to model age of onset. We derive the conditional hazard ratio parameter for sib pairs and de ne a likelihood ratio based LOD score statistic under our model. The EM algorithm is used for estimating the parameters and the maximum likelihood functions. Simulated data sets are used to illustrate these new statistical methods.
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